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Abstract Twitter is a popular, publicly accessible, social media service that has proven useful in mapping
large-scale events in real time. In this study, for the first time, the use of Twitter as a measure of auroral
activity is investigated. Peaks in the number of aurora-related tweets are found to frequently coincide with
geomagnetic disturbances (detection rate of 91%). Additionally, the number of daily aurora-related tweets is
found to strongly correlate with several auroral strength proxies (ravg ≈ 0.7). An examination is made of the
bias for location and time of day within Twitter data, and a first-order correction of these effects is presented.
Overall, the results suggest that Twitter can provide both specific details about an individual aurora and
accurate real-time indication of when, and even from where, an aurora is visible.
1. Introduction
With the advent and subsequent rise of social media services, such as Twitter, researchers have been offered
an unprecedented level of access to real-time information about events occurring throughout theworld, pro-
vided by hundreds of millions of users. These users, often termed soft sensors [Tapia et al., 2011], can provide
useful information such as their location and the conditions around them.
Studies have shown that Twitter users, who post short updates (140 characters max) known as “tweets,” can
provide real-time information about large-scale events and disasters. Examples include earthquakes [Earle
et al., 2010; Crooks et al., 2013], influenza outbreaks [Culotta, 2010; Lampos et al., 2010], wildfires [Sutton et al.,
2008], and service outages [Motoyama et al., 2010].
As suchaneventoccurs, there is amarked increase in theoccurrenceof tweets relating to that event. For exam-
ple, Earle et al. [2012] showed that following earthquakes there were often significant localized increases in
the number of tweets relating to earthquakes. Indeed, especially in poorly instrumented regions of theworld,
this Twitter-based detection was generally faster than seismographic-based detection [Earle et al., 2012].
Additionally, since the users’ locations can often be gathered from tweets, either through location-enabled
tweets (where the user has opted to share their location) or through location extraction algorithms
(see Priedhorsky et al. [2014]), researchers are able to visualize the real-time evolution or movement of the
disaster [e.g.,McDougall, 2011].
This study collates tweets (such as the one shown in Figure 1) and investigates the capability of Twitter for
real-time analysis and mapping of an aurora, as has been done with other large-scale events such as natural
disasters. As with natural disasters, an aurora is a large-scale natural event which is viewable by, and attracts
attention from, the general public. Additionally, although an aurora is frequently visible at high latitudes,
a visible aurora at lower latitudes (and thus over larger proportions of the global population) is much less
frequent.
A direct comparison of tweet occurrences with visible auroral activity requires widespread, accurate, in situ
or ground-based measurements of the aurora. Due to limited data availability, especially at lower latitudes,
this is not currently feasible. Instead, the tweet occurrences can be compared to several indices which act as
proxies for auroral activity.
2. Data Collection
The tweets used in this study were collected by the Aurorasaurus citizen science project [Tapia et al., 2014]
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Figure 1. An example of an aurora sighting tweet (https://twitter.com/Swizzlerz/status/533823437635330050). Included
in this tweet are the time, date, and location of the sighting as well as a link to a photo of the aurora taken by the user.
Twitter’s Firehose streaming service and filtered using aurora-related keywords. The exact filtering criteria
varied slightly over time, however, this did not substantially vary thequantity or quality of the returned tweets.
Occasionally, no aurora-related tweets were delivered for a given day. This was the result of a failure in the
delivery service rather than there truly being no aurora-related tweets posted. Additionally, several of the days
had partial data gaps. The data used in the following study therefore pertains only to those days where the
collection service performed as expected throughout the whole day.
In the following analysis, the daily tweet occurrence is compared to several indices which act as auroral
strength proxies: Kp [Bartels et al., 1939], Dst [Sugiura, 1964], AE [Davis and Sugiura, 1996], hemispheric power
(HP) [Evans, 1987], and the epsilon coupling parameter (𝜀) [Perreault and Akasofu, 1978].
The geomagnetic indices Kp, Dst, and AE all measure disturbances in the Earth’s magnetic field. Kp is a
quasi-logarithmic weighted global average of the geomagnetic disturbance at midlatitudes, Dst is an aver-
aged measure of the equatorial magnetic field disturbance (primarily in response to enhancements in the
Earth’s ring current), and AE is an average measure of the high-latitude magnetic field disturbance (the result
of enhancements in the auroral electrojet).
Hemispheric power (units GW) is an estimate of the total energy deposited into each of the Earth’s hemi-
spheres by precipitating electrons. It is estimated by extrapolating the energy fluxmeasured along the orbital
tracks of a constellation of spacecraft. Also calculated in units of power, the epsilon coupling function is an
empirically derived parameter that describes the amount of energy being transferred into the Earth’s mag-
netosphere via an estimate of the electromagnetic Poynting flux. The parameter is sometimes described as a










where v is the solar wind velocity, BT =
√
B2y + B2z , 𝜃 is the interplanetary magnetic field clock angle
(𝜃 = atan(By∕Bz) in GSM co-ordinates) and the empirical scaling factor l0 = 9.5RE .
The term “proxies” is used since none of the aforementioned are direct measurements of visible auroral activ-
ity, rather it is inferred that an increase in the proxies will mean that an aurora is more likely to be visible at
lower latitudes and thus viewable by a larger percentage of the global population [e.g.,AkasofuandChapman,
1962; Carbary, 2005].
NASA’s OMNIweb data set (http://omniweb.gsfc.nasa.gov/) provides both high- (minute) and low- (hour) res-
olution solar wind and geomagnetic data. We utilize this data set as a convenient source of the Kp, Dst, and
AE indices as well as the solar wind data needed to calculate 𝜀. Both Dst and AE are “provisional” and may be
subject to small changes once made final. HP is provided by NOAA’s Space Weather Prediction Center using
data from the POES satellites.
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Figure 2. A plot of the number of daily tweets between September 2012 and April 2013. Purple bars indicate that a
peak in the daily occurrence of tweets coincided with a geomagnetic disturbance. Red bars indicate that there was a
peak in the daily occurrence of tweets but that there was no associated geomagnetic disturbance (i.e., a false positive).
Blue bars indicate that a geomagnetic disturbance occurred but there was no corresponding peak in the occurrence of
tweets (i.e., a false negative).
The daily tweet occurrence is compared to the daily maximum of each of the proxies. For the purpose of this
initial study, the daily values are sufficient (though future studies might look at higher-resolution data). The
daily maximum is chosen since we are interested in the peak auroral activity during each day.
3. Results
The Twitter data set used in this study spans from 1 September 2012 to 1 April 2013. Due to the aforemen-
tioned data gaps, there are a total of 147 days of data. Locations were associated with ∼68% of the tweets,
resulting in approximately 62,500 geolocated tweets being collected (an average of ∼425 per day). For each
of the 147 days, the total number of tweets was compared to the daily maximum (minimum for Dst) of each
of the aurora proxies (Kp, Dst, AE, HP, and 𝜀).
Presented in Figure 2 is a plot of the daily number of aurora-related tweets. Purple bars indicate a peak in the
number of tweets which coincides with a period of strong geomagnetic activity (a “match”). If there is a peak
in the number of daily tweets but this peak does not coincide with a period of strong geomagnetic activity (a
“false positive”) then the bar is red; if there is a strong activity but no peak in the number of tweets (a “false
negative”) then the bar is blue.
A peak is defined as when the daily tweet number is at least 30% higher than the 15 day boxcar average back-
ground level. Days of strong geomagnetic activity are defined as those days whereDst < −40 nT; a somewhat
crude filter but sufficient for our purposes [c.f., Russell et al., 1974; Denton et al., 2006]. A “period” of strong
geomagnetic activity starts one day preceding the day of strong geomagnetic activity and ends two days
following it. Consecutive days of strong geomagnetic activity mean that a period may span for several days.
Of the 11 strong geomagnetic activity periods in this data set, eight were detected through a peak in the
number of aurora-related tweets resulting in a detection rate of 73%. Treating each day as individual events,
thus allowing us to calculate the number of true negatives, the overall statistical accuracy is found to be 91%
with a sensitivity of 79% (see Zhu et al. [2010] for definitions).
The mean tweet occurrence during “nonmatch” periods is ∼250 per day, with a standard deviation of 190.
This value can be thought of as an overall “background level”. For “match” periods the mean count is ∼525
per day (an increase of 110%), with a standard deviation of 500. Both of these distributions have extremely
large standard deviations, when compared to the means, which demonstrate that the data are very variable.
In Figure 3 (top row), the number of daily tweets is compared to each of the proxies. The Pearson’s correlation
coefficient (r) is shown in each plot and a least squares linear fit is plotted to the data. In Figure 3 (bottom
row), the data is filtered to those days when the individual proxies were elevated. As far as we know, there is
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Figure 3. (top row) The daily occurrence of tweets is compared against the auroral proxies (Kp, Dst, AE, HP, and 𝜀). (bottom row) The daily occurrence of tweets is
compared with the proxies when each was elevated (e.g., Kp ≥ 4). The Pearson’s correlation coefficient is shown in the bottom right of each plot, and the least
squares linear line of best fit is plotted.
no strict definition of “elevated” for each of the proxies, however, the following levels seem well used in the
literature: Kp≥ 4,Dst ≤ −40 nT,AE ≥ 400 nT, HP ≥ 35GWand 𝜀 ≥ 400GW.We note that, as shown in Figure 3,
these definitions result in different sample sizes for each proxy (especially HP which has approximately twice
the amount of data points of the other proxies).
Listed in order of lowest to highest, the correlation coefficients for each of the auroral proxies are AE 0.51, Kp
0.52, HP 0.59,Dst 0.61, and 𝜀 0.62. In all cases, correlations are improvedwhen the auroral proxies are elevated:
AE 0.61 (a change of +20%), HP 0.67 (+14%), Kp 0.68 (+31%), 𝜀 0.70 (+13%), and Dst 0.84 (+38%).
3.1. Data Normalization
Soft sensors from multiple countries might report sightings of the same auroral event. Additionally, since an
aurora can occur over a wide range of longitudes and time zones, the same auroral display may only become
visible in certain regions hours after being visible in others. Both of these issues complicate using Twitter as
an overall measure of auroral activity and suggest that some normalization work should be undertaken.
The number of Twitter users in each country is variable and so even a large rise in aurora-related tweets
from a country with a relatively small Twitter user base (e.g., Australia) might not make a significant impact
in the overall daily tweet count. In order to account for this, we “normalize” the daily tweets occurrences
from the following countries: Australia, Canada, United Kingdom, and United States (these are predominantly
English-speaking countries, with at least a moderate chance of viewing the aurora and they have a sizable
number of Twitter users in them [Sysomos, 2009]). New Zealand, which has a higher chance of seeing the
aurora than Australia, is not included in the normalization list owing to a lack of data on the number of Twitter
users living there. The normalization process is to determine the number of tweets originating from each of
those countries andmultiply that value by an appropriate normalization factor. The first normalization factor
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Figure 4. (first panel) The daily occurrences of tweets, colored by country of origin. (second panel) The occurrences are
then normalized to account for the number of Twitter users in each of the listed countries. (third panel) The levels are
further adjusted to account for hourly variations in the frequency of tweet postings. (fourth panel) These fully
normalized daily tweet occurrences are then compared to periods of geomagnetic disturbance (as in Figure 2).
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Figure 5. Of the same form as Figure 3, with the normalized daily occurrence of tweets now compared against the auroral proxies.
is determined for each country by calculating the ratio of the number of Twitter users in that country
compared to the number in the US.
The frequency of tweets also varies throughout the day. The highest percentage of daily tweets occurs during
the afternoon while the lowest percentage occurs during the early hours of the morning [Sysomos, 2009].
Since an aurora is only visible during darkness, adjusting for the local time of day when determining overall
tweet levels is therefore also important. The number of tweets per hour is scaled by calculating the ratio of
the frequency of tweets in that hour to the maximum frequency.
In Figure 4 (top), the daily number of tweets is plotted. The stacked bars are colored to indicate the country of
origin of the tweets. In Figure 4 (second panel), the daily tweet levels are normalized by country. In Figure 4
(thirdpanel), thehourly tweet totals arenormalizedusing thepercentagesgiven in Sysomos [2009]. Thehourly
tweet totals are then summed to produce the “fully normalized” daily tweet occurrences shown. The fully
normalized daily occurrence of tweets is compared to periods of strong geomagnetic activity (in the same
form as Figure 2) in Figure 4 (fourth panel).
Ten of the 11 periods of strong geomagnetic activity match with peaks in the number of tweets, a detection
rate of 91%. Again, treating each day as an individual event, we find that the overall accuracy is now 94%with
a sensitivity of 93%.
The normalized daily tweet numbers are then compared with the auroral proxies in Figure 5. The correlation
coefficients, listed in order from lowest to highest, are AE 0.56, Kp 0.62, 𝜀 0.63, HP 0.65, and Dst 0.68. During
elevated periods only, the correlation coefficients are AE 0.54 (−5.3%), 𝜀 0.65 (+3.1%), Kp 0.66 (+6.5%), HP
0.69 (+6.2%), and Dst 0.78 (+15%).
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4. Discussion
In this study, tweets relating to the aurora, posted between September 2012 and March 2013, were collated
and compared to five auroral proxies (Kp, Dst, AE, HP, and 𝜀). In Figure 3, the number of daily tweets showed
positive correlation with all of the proxies. All correlations were improved when filtering the data to those
periods when the proxies were elevated (e.g., Kp ≥ 4), though both Kp and Dst showed a particularly marked
increase (∼35%). Using all data, 𝜀 was found to have the strongest correlation (r = 0.62), and using just the
data from elevated periods, Dst demonstrated the strongest correlation (|r| = 0.84).
The daily tweet occurrence was compared with the daily maximum of each auroral proxy, rather than using
hourly values, since the lifetime of an auroral display often spansmany hours and the hourly tweet levels were
not necessarily consistent throughout the whole period. We expect that this is often due to an “anticipatory”
rise in tweets (such as “The aurora will be visible tonight”) or after-the-event tweets (such as “I saw the aurora
last night”).
Auroras are seen during the night and so a single event may cause consecutive peaks in the daily number
of tweets. Additionally, there will be events that span multiple days (i.e., due to long-spanning storms or
reoccuring substorms) and this may help to explain some of the spread in the correlation plots.
To attempt to account for variations in the number of tweets, caused by factors such as the number of Twitter
users per country and the time of day, the daily tweet occurrenceswere normalized. The fairly straightforward
attempt at normalization improved the correlation coefficients for all proxieswhen using all of the tweets (i.e.,
not filtering to elevated periods). As shown in Figure 5, Dst correlated most strongly with both the unfiltered
data (|r| = 0.68) and the filtered data (r = 0.78).With the exception ofAE, filtering the normalized data to peri-
ods when the proxies were elevated produced slightly stronger correlations. Interestingly, these correlations
were not, however, as strong as with the elevated nonnormalized tweets. Further investigation into why this
is the case is warranted and may improve the normalization technique. For example, the normalization val-
ues we calculate pertain to data from Sysomos [2009], who studied the whole output of Twitter, and so these
values might not be accurate when investigating aurora-related tweets only.
Of course, good correlation coefficients alone do not necessarily show that tweet occurrences can be used
to accurately determine when strong auroral displays are occurring. Therefore, in addition to the correlation
analysis, the daily tweet levels were compared to periods of strong geomagnetic disturbances (i.e., Dst <
−40 nT). As shown in Figures 2 and 4, peaks in the number of daily tweets were often found to coincide with
periods of strong geomagnetic activity (73% detection rate for nonnormalized and 91% for normalized).
With both the nonnormalized and normalized data, there were false positive events (where a peak in the
number of tweets was detected but Dst was not elevated). It is important to note, however, that, although
widely used in aurora-related contexts, Dst is actually a measure of the disturbance in the near-equatorial
magnetic field due to changes in the Earth’s ring current. As such,Dst acts only as a proxy for auroral strength
and not a true measure of it. Auroral displays, especially those at higher latitudes, may occur during smaller
Dst values.
Our approach at collecting aurora-related tweets, without manually verifying each of them, is, by definition,
imperfect andwill result in some level of “spam” tweets. Whether these spam tweets have nothing to dowith
an aurora (e.g., they mention a town or person called Aurora) or are perhaps not related to current auroral
conditions (e.g., “I want to see the aurora”) or are “retweets” of sightings is not accounted for in this study and
may explain some of the spread when tweets are compared with the auroral proxies.
Future work, such as that being undertaken by the Aurorasaurus project, should focus on removing these
spam tweets by improving filtering techniques. Such improvementsmay includebetter keywordor sentiment
filtering [e.g., Go et al., 2009]. Additionally, combining automated routines with citizen scientists, who can
validate the tweets, could provide more accurate data [e.g., Yu et al., 2012].
5. Conclusions
Twitter has consistently shown to be useful in mapping large-scale events, such as natural disasters, in near
real time. An aurora shares several similarities with natural disasters including relative rarity (at least at lower
magnetic latitudes), large spatial scales, and strong interest from the general public.
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Individual tweets, such as the one shown in Figure 1, can contain information such as the location, a descrip-
tion, or even a photo/video of an aurora. These specific types of tweets can be used to test auroral ovalmodels
(i.e., by comparing the location of the sighting and the predicted auroral oval) and provide useful statistics
about auroral characteristics (e.g., type, color, and activity level). Combining multiple simultaneous tweets
can provide a real-time, large-scale view of where an aurora can currently be seen.
The results of this study show that that peaks in the number of tweets can reliably be used to detect periods
of strong geomagnetic activity (as measured by Dst). During the time period studied, using the normalized
tweet occurrences, 91% of the periods of strong geomagnetic activity were detected (see Figure 4).
Additionally, the results showed that the daily level of tweets increased linearly with increased auroral activity
(as inferred fromseveral auroral proxies) and that the twodata sets strongly correlate (ravg ≈ 0.7). Although the
number of tweetswas not compareddirectlywith auroral activity, rather just proxies of it, both of these results
suggest that Twitter can be used as an accuratemeasure of the total auroral activity in real time. We note that
direct comparisons with auroral activity could perhaps be made, in future case studies, with ground-based
all-sky cameras.
Location data (at least to state or country level) were available for a significant percentage of tweets (approxi-
mately 68%). Utilizing similar location extraction techniques in real time could therefore suggest fromwhere
an aurora is currently visible. This would be useful not only for aurora alert services, who let their users know
that an aurora might be visible nearby, but also for comparison with auroral oval models.
Using a fairly straightforward attempt at accounting for geographic and time-of-day biases improved the
detection rate of periods of strong geomagnetic activity. Additionally, it also yielded stronger correlations
with each of the auroral proxies, at least when all of the data was used (i.e., not filtered to elevated peri-
ods). Further enhancements to this normalization technique (for example, investigating the effect of seasonal
variance—which seems likely to be important when considering countries from both hemispheres) would
seem a worthwhile endeavor.
In summary, during large geomagnetic disturbances, when an aurora is visible at lower latitudes and over
highly populated areas, we expect that Twitter will yield a new rich and precise set of data that are highly
correlatedwith and indicative of strong auroral activity. For example, the recent St. Patrick’s Day geomagnetic
storm, in which the aurora was seen from as far south as central Europe and the mid-U.S., will allow for future
analysis of how Twitter responds during an extreme event.
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